Background: Cryptocurrencies represent a specific technological innovation in financial markets that keeps getting more and more popular among investors around the world. Given the specific characteristics of the cryptocurrencies, this paper examines the possibility of their use as a diversification instrument. Objectives: This paper examines the direction and strength of the relationship between the selected cryptocurrencies and important financial indicators on the European Union market. Since cryptocurrencies are a novelty in the financial system, the empirical literature in this area is rather scarce. Methods/Approach: In order to assess diversification properties of cryptocurrencies for European traders, a comprehensive econometric analysis was carried out. The first part of the analysis refers to the estimation of the multivariate Generalized Autoregressive Conditional Heteroskedasticity (GARCH) model, whereas the second part focuses on wavelet transforms. Results: Bitcoin and Ripple proved as a possible diversification instrument on most of the observed European markets since corresponding coefficients of unconditional correlation are negative. Conclusions: The relationship between the value of the cryptocurrencies and selected indices is generally very weak and slightly negative, indicating that some cryptocurrencies can serve as a means of diversification. However, investors need to take into account the extreme volatility, exhibited in all existing cryptocurrencies.
Introduction
In recent years, cryptocurrencies have experienced strong growth in terms of market capitalization expansion, but also in terms of popularity and significance. Due to their specific and technologically innovative form, they attract the interests of a large number of investors around the world. This trend applies to European Union investors as well, who recognize the opportunity for potential profit and diversification of their portfolio. The main objective of this paper is to analyse cryptocurrencies as a potential instrument for portfolio diversification of investors investing in European markets. In other words, this study analyses the correlation between selected cryptocurrencies and the most significant financial indicators on the European market to see if investors could enhance the efficiency of their portfolios. The starting hypothesis of this study is that cryptocurrencies advance the diversification of European investors' portfolios. This paper aims to contribute to the empirical literature that studies cryptocurrencies by providing a comprehensive study of European stock markets.
The remainder of this paper is structured as follows. First section explains the development of cryptocurrencies and presents relevant literature. The second section describes the dataset and methodology. The third section presents our findings and comments on the limitations of this research. The last section concludes.
The Cryptocurrencies Phenomenon
By providing an alternative form of money and an alternative form of investment, cryptocurrencies function outside of the financial institutions. They offer their investors an inexpensive alternative to traditional currencies in terms of transaction costs but, as a consequence, the prices change very quickly. It is important to note that the investment in cryptocurrencies is of high risk and has a speculative character, which means such investments should be made with a precaution (European Commission, 2018).
The emergence of cryptocurrencies causes certain conflicts in the political and financial system. The world's largest cryptocurrency is called Bitcoin, explained as a peer-to-peer version of digital money that allows making transactions via the internet without the intermediary role of financial institutions (Poyser, 2017) . The first Bitcoin was created on 3 January 2009 and had been growing rapidly since, owing to its simple use as a form of payment. Of course, due to the lack of regulation and absence of legal measures against this cryptocurrency, it's being used in the illegal trade of goods and services. However, the emergence of this cryptocurrency can also be considered as the consequence of the financial crisis.
The success of Bitcoin has prompted the development of new cryptocurrencies, popularly referred to as Altcoin. Some of the first Altcoin to appear were Litecoin, PeerCoin, AuroraCoin, and Ripple, who used the existing Bitcoin technology but have slightly improved it. With these new, smaller and decentralized digital currencies without a monetary base, the price fluctuates far more significantly than the standard fiat currencies, such as the US dollar and the Euro (European Commission, 2018).
Bitcoin has become the 'gold' standard among cryptocurrencies since it is the most widely accepted in commerce, has the largest mining network, and the greatest volume of transactions. Alternate cryptocurrencies have been developed to improve upon various technical and practical aspects of Bitcoin; however, despite the fact that it may be technologically inferior to various alternatives, it remains entrenched due to its path-dependency (Hayes, 2015) .
Many authors like Tillier (2015) point to the importance of regulating cryptocurrencies, as they are used in the exchange of goods and services. Yet some authors, like Penrose (2014) , emphasizing that cryptocurrencies cannot be treated like traditional currencies since they do not satisfy the definition of a currency (Brière et al., 2015) . Although there is no single, applicable, and standardized rule for cryptocurrencies in the European Union at this time, discussions are in progress. However, current directives for the financial market, such as MiFID and AIFMD, consumer protection, anti-money laundering (AML), and counter-terrorist financing directives are being considered. The European Central Bank (2012) (ECB), however, states that it is not their responsibility to prohibit or regulate the use of cryptocurrencies and that their role is to warn of potential risks that could stem from such investments. ECB defines cryptocurrencies as unregulated, digital money, which is issued and usually controlled by its developers, and used and accepted among the members of a specific virtual community (European Central Bank, 2012). There is normally no asset with intrinsic value underlying the virtual currency, nor is there any central bank backing the currency and acting as a lender of last resort. Cryptocurrencies cannot, therefore, be considered as safe money, considering the likelihood of the asset retaining its value for the holder, and hence its acceptability to others as a means of payment cannot be ensured (European Central Bank, 2018).
European Securities and Markets Authority (ESMA), European Banking Authority (EBA) and European Insurance and Occupational Pensions Authority (EIOPA) point to extreme price volatility, the absence of protection, lack of exit options and misleading information. It is necessary to understand the cryptocurrencies before making an investment. They also advise investors to invest only the money they are prepared to lose, as well as to safely store it to protect themselves from a cyber-attack (ESMA, 2018). Croatian Financial Services Supervisory Agency (Hanfa), is warning consumers on the high risks of buying and/or holding virtual currency as well, emphasizing that there is currently no cryptocurrency directive at the EU level (Croatian Financial Services Supervisory Agency, N/A).
Literature Review
A study by Brière et al. (2015) is one of the first to assess cryptocurrencies', or specifically Bitcoin's, diversification potential, compared to traditional currencies. Bitcoin is an attractive investment option due to the weak correlation, not only with traditional financial instruments but also with alternative investments. Kristoufek (2015) using Wavelet coherence analysis, concludes that fundamental economic factors determine the price of Bitcoin. Bouri et al. (2017a; 2017b) use dynamic correlation methods to explore Bitcoin's diversification potential for the world's most important indices, bonds, oil, gold, US dollars, and other traditional commodities. These three studies provide evidence that Bitcoin is not a safe long-term investment, but a combination of financial instruments and speculative "bubbles". Velde (2013) argues that Bitcoin, although without the backing of a central bank, follows the "rules" of the gold standard and rewards "miners" with digital money for solving complex mathematical problems. That paper inspired a recent study by Bouri et al. (2017c) where authors evaluate miners' profit using Wavelet-based quantile-in-quantile regressions, i.e., cost of energy that is used in solving these problems in relation to their revenue. Therefore, Bitcoin can be considered as an interesting asset for portfolio diversification purposes, owing to its link to commodities (Eisl, Gasser and Weinmayer, 2015; Halaburda and Gandal, 2016) . Dhyrberg (2015) finds that Bitcoin can be used as a hedge against stocks in the Financial Times Stock Exchange Index. Additionally, Bitcoin can be used as a hedge against the U.S. dollar in the short-term. Katsiampa (2017) estimates the volatility of Bitcoin by comparing the results of the GARCH model and the AR-CGARCH model. Urquhart (2017) proves that HAR models are more robust in Bitcoin volatility modelling versus traditional GARCH models. Stavroyiannis and Babalos (2017) explored the dynamic components of Bitcoin modelling through univariate and multivariate GARCH models and VAR models. Aside from GARCH models, Lim and Masih (2017) also use Wavelet tools to determine the correlation between two-time series. Cermak (2017) employs a GARCH model to analyse Bitcoin's volatility with respect to the macroeconomic variables of countries where Bitcoin is being traded the most. The author finds that Bitcoin behaves similarly to fiat currencies in China, the U.S., and the European Union but not in Japan. Moreover, Bitcoin acts as a safe-haven asset in China (Chu et al., 2017) .
Turning to other cryptocurrencies, Halaburda and Gandal (2016) examined competition among many smaller cryptocurrencies. They argue that arbitration options are virtually unavailable and express the value of Altcoin in US Dollar, instead of Bitcoin. It is important to point out that these smaller cryptocurrencies appear more efficient and less volatile when their value is in Bitcoin. In European Commission (2018), Altcoins' price movements are compared with Bitcoin. The study examines sixteen most popular Altcoins in the period of 3 years. They inferred that Bitcoin could have a major impact on them in the short run, however, not in the long term. The value of Altcoins, but also of Bitcoin, is almost unpredictable in the long run and is largely dependent on the supply and demand for a particular cryptocurrency.
Methodology
Multivariate GARCH models are often used in financial research, where the clustered variance is assumed, i.e., where there are tranquil periods on the one hand and periods of frequent changes on the other. As mentioned above, GARCH models are often used in studies on cryptocurrencies due to high volatility. To the contrary, the Wavelet approach enables the identification of capital market interactions that can be challenging with any other time-series method (Lim and Masih, 2017) .
Multivariate GARCH -Dynamic Conditional Correlation
MGARCH-DCC modelling enables an analysis of precise timings of a shift in conditional correlations and volatilities. The main advantage of the dynamic conditional correlation model (DCC) compared to other similar models is that it involves changes in both the first and second moments, i.e., mean and variance of time series. Estimation of the MGARCH-DCC model includes two steps in order to simplify the estimation of time-varying correlations. Firstly, univariate volatility parameters are estimated, and then standardized residuals from the first step are used as inputs for estimating a time-varying correlation matrix (Lim and Masih, 2017) .
The probability used in the first step involves the substitution of with , an identity matrix size k. If model parameters θ are denoted in two groups (φ1,φ2,...,φk,ψ) = (φ,ψ), where φi correspond to parameters of univariate GARCH model for i-th part of asset series, φi = (ω,α1i,...,αPii,β1i,...,βQii), the first step is then denoted:
This is the sum of the log-likelihoods of the individual GARCH equations for the assets. Once the first stage has been estimated, the second stage is estimated using the correctly specified likelihood, conditioning on the parameters estimated in the first stage likelihood:
Given the condition , the only part of the observed function that affects the choice of parameters is (| |) + ε ε (Engle and Sheppard, 2001), so it is easier to exclude constants and maximize:
DCC model, according to Engle (2002) and Tse et al. (2002) is defined as:
where is conditional variance matrix, diagonal matrix of conditional time varying standardized residuals and time varying correlation matrix. is defined in:
where ℎ can be defined as any univariate GARCH model and:
where θ and θ are non-negative parameters satisfying θ + θ < 1, is a symmetric × positive definite parameter matrix with = 1 and ψ is × correlation matrix of ε for τ = t -M, t -M + 1, … , t − 1 (Bauwens et al., 2006) .
Wavelet transform
Wavelet approach is employed to overcome non-stationarity of the series signals and for analysing financial relations, especially when there is a distinction between short and long-run relations. Furthermore, Wavelets are localized in both time and scale (frequency band) and can be used to decompose any observed variable on the scale by scale (different frequency bands) basis in order to analyse the dynamics of co-movement across different time horizons without, information loss (Lim and Masih, 2017) .
For the explanation of the concept of time-frequency analysis, Fourier transforms are the most commonly used. Fourier's order denotes a function with sinuses and cosines. For function with period = − equals:
where and are given by integrals:
If the function is infinite, a continuous form of Fourier transform is required:
This transform converts the signal or the function in the time domain into a notation in the frequency domain. This provides information about the record of the given function with the help of sine waves, which indicates the frequency and intensity. It should be noted that the information on the time of the individual frequency is lost. Therefore, for analysis of a stationary or periodic signal, Fourier transform is sufficient. If both information on intensity and time is needed, then time-frequency analysis should be used. Relying on the Heisenberg principle of ambiguity, it is not possible to know all the frequency and all the time components at the same time, but it is possible to find out a certain time frame frequency range. In this case, Gabor's transform is employed, which is actually short-time Fourier transformation (STFT). It is expressed by:
This integral is a convolution of the observed signal with the spectrum, and when the function is excluded from the transform expression, Fourier's transformation of the function is obtained (Hajba, 2009 ):
where a and b are real numbers, and a ≠ 0. Discrete Wavelet Transform is defined as:
where , > 0, and m and n are integers. Complete Discrete Wavelet Transform is defined by:
In most cases signal's length is 2j points, which provides the best results of Discrete Wavelet Transform. All transforms are given by:
where ( , ) is the core of the transform. The core of Fourier the transform is given by , and the expression Continuous Wavelet Transform follows:
and the main constraint is given by the constraint on constant ψ = ∫
Results
By employing MGARCH-DCC and Wavelet methods, this paper examines the correlation between the observed time series and cryptocurrencies role in enhancing the efficiency of an investor's portfolio. Basic characteristics of the time series are given in Table 1 . Volatility, measured by standard deviation, is extremely high in cryptocurrencies, and at the lowest level in Crobex. The most volatile cryptocurrency is Ripple (xrp) with a value of 0.180460, while Bitcoin (btc) has the smallest deviations among digital currencies. However, cryptocurrencies were not observed in the same period, which may be the reason why newer cryptocurrencies seem less stable. The cryptocurrencies are characterized by a significantly higher mean.
The asymmetry coefficient suggests that the distribution of the values of most of the observed indices are slightly negative asymmetric. Exceptions are EOS, Ethereum, Litecoin and oil, whose distribution are positively asymmetric. Since ∝ > 3, and > 0 in all variables Leptokurtic distribution with higher peaks and fatter tails can be recognized. In other words, dthe istribution of variables are not Normal, which is common in high frequency time series. Cryptocurrencies, SMI and gold proxy ,have the highest skewness, but since Ripple's standard deviation is the highest, it can be deemed as the riskiest investment.
The null hypothesis for the Jarque-Bera test of Normality is rejected for all variables, given that the test values are greater than the critical values of distribution with two degrees of freedom at the 5% and 1% significance levels respectively. Unusual values and volatility clustering can be observed in Figure 1 . The first five graphs show cryptocurrencies, whereas the remainder refers to other variables in alphabetical order. Volatility clustering is manifested in longer time series, and less evident in case of newer currencies, so this phenomenon is tested in Table 2 . Since data do not fit the Normal distribution, a GARCH(1,1) model with underlying Student distribution will be estimated (Arnerić, 2007) .
Figure 1 Evolution of Daily Returns of the Selected Cryptocurrencies and Indices
Source: Authors' work using EViews 10
GARCH Model Estimation
Before evaluating the GARCH model, several more diagnostic tests are performed. In order to define an adequate model, the unit root test is used to determine the stationarity of the process. Augmented Dickey-Fuller Test (ADF) is here used. Then it is necessary to test for the existence of the ARCH effect. Since ARCH and GARCH models are based on heteroskedasticity, the variances of the error terms have to be unequal. Lastly, autocorrelation and partial autocorrelation functions used to examine volatility. Correlograms for all of the variables pointed to non-significant empirical autocorrelation and partial autocorrelation functions. Test statistics, along with levels of significance of the remaining two tests are provided in Table 2 . -45.65133*** 248.6767*** Source: Authors' work using EViews 10 Note: ***, ** and * denote significance at 1%, 5% and 10% level respectively. Table 2 , the null hypothesis of non-stationarity of the time series is rejected, meaning that the series is stationary. The ARCH-LM test examines the variability of the residual variance. The null hypothesis of the mentioned test, which presupposes homoskedasticity, is rejected at a significance level of 1% or 10% for EOS, meaning that the variances do vary with the effects being modelled, so the variables are suitable for modelling the GARCH model. The exception is the gold_futures variable that does not show the existence of the ARCH effect and will therefore not be used in the GARCH model estimation, which does not, however, prevent the use of this variable in the time-frequency analysis. Table 3 provides the results of the multivariate GARCH-DCC model estimation for Bitcoin. Lambda 1 denotes beta, and lambda 2 alpha for each index, whereas delta 1 and delta 2 are beta and alpha for btc. Table 4 provides information on volatility and correlation. Coefficients of unconditional volatility are on the main diagonal, while the off-diagonals explain the unconditional correlations. The volatility parameters observed are highly significant with high t-ratio and volatility decay close to 1 for all currencies and indices. The sum of lambda 1 and lambda 2 that is beta and alpha is for all variables less than 1, meaning that shocks to the volatilities are not permanent, so IGARCH model is not required (Lim and Masih, 2017) . Variable euronext is excluded since its univariate did not converge after a number of iterations.
As indicated in
Bitcoin is the most volatile with the unconditional volatility of 0.047714, other variables being less volatile with coefficients in the range from 0.003863 (Crobex) to 0.021055 (oil proxy). Unconditional correlation coefficients are negative for btc with dax, euronext, and ftse_100, so it can make a diversification instrument. Oil proxy coefficient is negative as well, as Bouri et al. (2017a) inferred. A positive correlation can be seen in the case of French, Swiss, and Croatian indices, which means that a 'typical' investor in those markets does not 'benefit' from investing in Bitcoin. Table 5 and Table 6 present estimates for cryptocurrency EOS. Due to a short research period, convergence problems arose in the case of ftse_100 and oil_brent, so these variables are not included. Values of lambda 2 parameters are small, indicating that the volatility reaction is not so sensitive to market movements or shocks on the market. At the same time, there is a strong persistence of volatility that takes a long time to disappear, as shown by the relatively high values of lambda 1 (above 0.9) (Jurić, 2014) . The Swiss stock market index is an exception. The sum of lambda 1 and lambda 2 in all the variables in Table 5 is less than 1, thus satisfying the condition of stationarity, while the condition of non-negativity of the parameters is satisfied by the positive values of all lambda and delta.
As an implication from shocks to volatilities that are not permanent, investors and portfolio managers would have a higher chance of losing their money, even if they make a great profit in the short run. On the other hand, speculators welcome such conditions, which are favourable to their interests (Rahim et al., 2016) . It can be inferred that it is safer to invest in any European stock market than in the cryptocurrency because EOS's unconditional volatility is approximately 20 times larger than in other variables.
Not a single index has a negative coefficient of unconditional correlation with the EOS cryptocurrency, which does not contribute to diversification. Although the coefficients are relatively small and close to zero, the EOS and indices relationship is slightly stronger than in other cryptocurrencies. The coefficients of the unconditional correlation between the indices are again very high. The strongest link exists between the French equity market and the Euronext index with a value of +0.981875, which is not surprising since 64 French companies are part of that index. The remaining Western European markets are also highly correlated with the index as well as with each other. An estimate of the correlation of European markets with the Croatian capital market is in the range of +0.301807 to +0.363687, which makes a weak but positive relationship. The Croatian stock index is again the least volatile, with an unconditional volatility coefficient of 0.003836 but has the highest coefficient of unconditional correlation with the studied cryptocurrency. Table 7 shows the estimation of the multivariate GARCH-DCC model with Ethereum. The estimated model with Ethereum contains all eight-time series. Just like the previous estimations, the sum of the corresponding parameters is smaller than, but close to 1. Delta 1, or the estimated beta or GARCH term of the variable eth, is not as high as with btc or eos (0.762278), which indicates a somewhat weaker persistence of volatility that disappears faster than in the previously analysed cryptocurrencies. On the other hand, lambda 1 is exceptionally large in all other variables and exceeds 0.9. Table 8 presents unconditional volatility and correlation matrix. Ethereum is less volatile than EOS but more Bitcoin, with the unconditional volatility coefficient of 0.069679. Correlation between indices and Ethereum is very weak, but in this case, it is positive. The French CAC 40 index shows an exceptionally strong correlation with all the other indices moving in the +0.913636 range with the FTSE 100 index to as much as +0.993281 with Euronext. The exception is Crobex with the coefficient +0.699387, which is higher than in the Bitcoin model, but here a smaller sample was taken with only 843 observations. Similarly, the French and the British, German and Swiss equity markets are characterized by strong integration, judging by the correlation coefficients that generally exceed the value of 0.9, suggesting that it is not possible to diversify the portfolio by following the passive investment strategy in any two of the mentioned markets. Similar to the model with Ethereum, the GARCH model with Litecoin also contains all eight time series. Table 9 and Table 10 shows the results of the estimation of the mentioned model. In the fourth model, again, no index has a negative coefficient of unconditional correlation with cryptocurrencies, which does not diversify the portfolio. Coefficients are relatively low and close to zero, but the Litecoin and index correlations are slightly stronger than those of Bitcoin and Ethereum and are in a range similar to EOS. Remaining elements correspond to the values shown in previous cryptocurrencies, which confirms the validity of the model estimation.
Unlike the models' estimations for Bitcoin, EOS, Ethereum, and Litecoin, Engle's multivariate GARCH-DCC model was not the appropriate solution for Ripple because stationarity and non-negativity criteria were not met. Therefore, the last estimated is an IGARCH model that is characterized by a persistent variance, meaning that the information from the current period remains relevant for forecasting contingency variance in all subsequent periods. It is a necessary condition for the IGARCH model that the sum of lambda 1 and lambda 2 amounts to 1. According to the results in Table  11 , the condition is fulfilled for all variables. There is no information on standard error and t-values for betas, i.e., GARCH terms. Ripple demonstrates a large potential for increasing portfolio efficiency because of negative link with the other variables. It should be emphasized that Ripple is the only one of the analysed cryptocurrencies that has a negative correlation with Crobex, which means that the Croatian investors would thus achieve a mild diversification of the portfolio. However, it is essential to point to Ripple's unconditional volatility coefficient, which in the observed period amounts to as much as 0.180388, which is approximately 2.5 times higher than in the other cryptocurrencies, or a 46.3 times higher volatility than Crobex, which is the least volatile index. That is why it is unlikely that investors in the Croatian (and European) market will use cryptocurrencies as a diversification tool.
Continuous Wavelet Transform
The results of the analysis are shown in Figures 2-6 . Depending on the amount of data available, scales of 1 (2-4 days) to 8 (512 days) are used. Scale up to 8 was used only in Bitcoin, while in Ripple and Ethereum it went up to 7, Litecoin up to 6 and EOS up to 5. The x-axis represents the time expressed in days, and the y-axis represents the investment horizon. The 5% significance level values, which are estimated by the Monte Carlo simulation, are shown in a curved line on the graphs. Values outside the curved line are not significant for the study.
Leftwards arrows indicate a negative correlation, while the rightwards arrows show a positive correlation between the observed variables. Furthermore, the North East and arrows indicate that cryptocurrencies are lagging. The South West arrow indicates that the first variable leads the other. The North West arrow indicates that the first variable lags the second one, and the South East arrow means the first variable leads the other (Madaleno and Pinho, 2012) .
The hotter the colour is (in this case yellow), the higher the correlation. The matching of colours and correlation levels is represented by the scale on the right hand side of each CWT graph. On the other hand, the colder colour, or bluer one, indicates less correlation in that period (Kristoufek, 2015) .
Figure 2
Continuous Wavelet Transform for Bitcoin Source: Authors' work using MATLAB R2017b Figure 2 shows a weak coherence between Bitcoin and the observed independent variables due to the dominant blue colour. In addition to the initial period, scale 1 (2-4 days), where the yellow dominates, some higher yellow signals can be seen only in the SMI and OIL indices indicating a high correlation with Bitcoin in the 64-128 day investment period and time period around 1000 to 1400th day. These graphs point to great diversification possibilities that investing in Bitcoin offers. The most prominent negative correlation is shown on the graph with gold, proxy where the most arrows are facing left.
Figure 3
Continuous Wavelet Transform for EOS Source: Authors' work using MATLAB R2017b Figure 3 illustrates the coherence of EOS, which has the shortest research period and the domination of the blue colour. The dominance of leftwards arrows, or arrows indicating a negative correlation, can be seen in the graph with oil proxy. Significant signals can be observed in the investment period between 8 and 32 days for four variables -ftse100, gold, oil, and smi. In the first four graphs, the domination of blur shows the diversification potential that EOS provides for individual portfolios. Figure 4 for Ethereum, also shows domination of the blue colour. The only significant signals can be observed in the oil_brent and crobex variables, for the investment period between 32 and 64 days and the time period around 400 days. These two variables actually contain the most yellow colour, while the other variables are highly dominated by the previously mentioned blue colour. Therefore, Ethereum may be a less useful diversification instrument.
Figure 4 Continuous Wavelet Transform for Ethereum
Source: Authors' work using MATLAB R2017b
In Figure 5 , colour blue points to low levels of coherency between Litecoin and indices. The domination of the yellow colour, which is shown in the investment period of 16-32 days and the time period of about 200 to 250 days. Arrows pointing to the left show the negative correlation of Litecoin with most observed variables. It is obvious that the most dominant yellow colour is in the Crobex graph, at the 64-128 day investment period and the time period from 1 to 200 days. However, most of that yellow "island" is beneath a curved line that indicates a space that is not statistically significant for interpretation. In Figure 6 , a weak link between Ripple and the observed variables can be established. The only period with significant signals is the investment period between 128 to 256 days and the time period of 600 to 700 days. It is important to point out that the above mentioned significant correlation is visible on virtually all lower-right corner displays except the FTSE 100 index and the gold proxy. From this, one can conclude that Ripple is not as good diversification tool for longer investment periods as other cryptocurrencies.
Figure 6
Continuous Wavelet Transform for Ripple Source: Authors' work using MATLAB R2017b
In addition to the specially highlighted and explained portions of these graphic representations with a more dominant yellow colour, there are no significant periods indicating a high level of correlation between the observed independent variables with cryptocurrencies. Finally, it can be concluded that longer investment periods point to lower, mostly negative, correlation levels for virtually all observed indices. In other words, it can be concluded that cryptocurrencies have the ability to diversify the portfolios for different investors on European markets, given the investment period. Of course, it is important to mention that cryptocurrencies' values are unpredictable compared to the observed market indices. As such investments, cryptocurrencies could make a useful diversification tool but should be used with a precaution. As mentioned above, all major financial institutions warn about the potential dangers of investing in them. Therefore, cryptocurrencies have the ability to offset bad trends in European markets but are certainly not stable enough to be relied upon by investors for achieving portfolio diversification.
Conclusion
For the purpose of examining the possibilities of diversification in selected European markets using cryptocurrencies, extensive econometric analysis has been carried out, divided into two steps. The first part of the empirical analysis includes the estimation of the multivariate GARCH-DCC model, and the second part refers to the Continuous Wavelet Transform. MGARCH-DCC model enables accurate analysis of precise timings of a shift in conditional correlations and volatilities. In the first step, parameters of univariate volatility are estimated, while in the second step, unconditional volatility matrices are obtained, which reveal if the use of virtual currencies for portfolio diversification is justified. Two cryptocurrencies, Bitcoin and Ripple, have proved to be a possible diversification instrument for most of the observed European markets, given that coefficients of unconditional correlation were negative. The GARCH model estimations were checked using the Wavelet transformation, whereby the portfolio diversification effect was tested at different time periods. This method provides a more extensive representation of time-frequency analysis and can study the transition dynamics of the two time series, using the Monte Carlo simulation. Wavelet transformation partly confirms the results of the estimated multivariate GARCH-DCC models. The link between the value of the cryptocurrencies and the selected indices is mostly very weak and negative, which suggests that some cryptocurrencies can serve as a mild diversification tool, while some markets showed no connections to cryptocurrencies at all. However, due to their extremely high volatility, which is in some periods up to 50 times higher than the volatility of the observed indices, cryptocurrencies make a high-risk investment, and a means that cannot be relied upon to a great extent.
In the end, it should be noted that this study was carried out on a small sample of selected European countries. Further research could focus on a greater number of economies (such as transition countries) or a different set of financial indicators, as well as on providing a more in-depth analysis of the dynamics between cryptocurrencies and capital market indicators. Lastly, future studies could fruitfully explore the possibilities for diversification by using portfolio constructing tools, such as portfolio backtesting, to infer whether cryptocurrencies could advance portfolio efficiency.
